This research studied violence detection from less than 6-second ECG signals. Features were calculated based on the Bivariate Empirical Mode Decomposition (BEMD) and the Recurrence Quantification Analysis (RQA) applied to ECG signals from violence simulation in a primary school, involving 12 pupils from two grades. The feature sets were fed to a kNN classifier and tested using 10-fold cross validation and leave-one-subject-out (LOSO) validation in subject-dependent and subject-independent training models respectively. Features from BEMD outperformed the ones from RQA in both 10-fold cross validation, i.e. 88% vs. 73% (2nd grade pupils) and 87% vs. 81% (5th grade pupils), and LOSO validation, i.e. 77% vs. 75% (2nd grade pupils) and 80% vs. 76% (5th grade pupils), but have larger variation than the ones from RQA in both validations. Average performances for subject-specific system in 10-fold cross validation were 100% vs. 93% (2nd grade pupils) and 100% vs. 97% (5th grade pupils) for features from the BEMD and the RQA respectively. The results indicate that ECG signals as short as 6 seconds can be used successfully to detect violent events using subject-specific classifiers.
Introduction
Harmful action, which have been identified as violence, bullying and harassment occur in a variety of contexts during childhood, adolescence and adulthood -taking place even where children should be safe such as schools. It is a worldwide problem that has serious mental and physical consequences not only for those involved, but also as associated costs for families, schools organizations and society [1] . Research indicates that victims have concentration problems at school [2] , experience learning difficulties, driving them to school disaffection [3] and school refusal [4] . Violence and harassment have also been reported generating high stress levels and low self-esteem, self-harm and even suicide [5, 6] .
Works on tackling violent, bullying and harassment have come from many different quarters from governments creating laws for dealing with it and drawing up legal guidelines c 2017 JPRR. All rights reserved. Permissions to make digital or hard copies of all or part of this work for personal or classroom use may be granted by JPRR provided that copies are not made or distributed for profit or commercial advantage and that copies bear this notice and the full citation on the first page. To copy otherwise, or to republish, requires a fee and/or special permission from JPRR.
for organizations to follow with the aim of preventing violence, to practitioners developing models of intervention. However, the developed strategies do not appear to make a lasting difference [7] . Young people continue feeling left alone with the problem of peer violence. Most victims do not report what they are suffering to peers, parents and school personnel because they feel ashamed, fear revenge from their perpetrators and blame themselves for what is happening [8] . Moreover, few victims believe that real action will be taken by schools to improve the situation [9] . Few children who could talk about it with parents or teachers and are ill-equipped to know how to deal with harassing comments are continuously feeling left alone with the problem of peer violence [10] .
One of the recommendations from the United Nation study on violence against children is to prioritize prevention [11] . Protecting children from violence was the main agenda in the European Forum on the right of the child in 2012, 2013, and 2015 [12] . In addition, the child protection from violence was written in Article 19 of UN Convention on the Rights of the Child (UNCRC) [13] . Those show that protecting children against violence is a big issue nowadays. Unnecessary to further highlight, violence targeted to young people relations remains one of the biggest challenges in the world.
Several attempts have been made to recognize violent event based on various modalities and most of them used video and audio signals. Ribeiro et al. [14] and Zhang et al. [15] utilized video from CCTV to evaluate if violent events occurred. Gao et al. [16] analyzed video from public violent database to identify such event in hockey and crowd. Penet et al. [17] proposed a model using audio signal to detect violent events in movies. Different from the above attempts, Fleureau et al. [18] detected violent events in movies based on electrodermal activity (EDA) of the subjects while watching selected movies.
Although these attempts provided interesting results, the systems were built based on the witnesses' point of view, not the victims'. The application of the systems based on the former issue is limited. Such systems failed to detect violent events when there is no supporting equipment. To our knowledge, no previous studies have investigated the later issue. Promising applications for this research in near future is child protection against violence.
We aim to approach the problem from a new perspective by investigating possibility to use ultra-short ECG signals to identify or detect violent events from the victims' point of view. The wide availability of commercial devices for ECG signal recording makes this attempt feasible today. Moreover, rapid advances in smartphone technology enable running complex algorithms such as pattern recognition in real-time.
One of the most popular methods to analyze ECG is through Heart Rate Variability (HRV) signal, derived as variation of time difference between consecutive R-peaks in ECG signals. Unfortunately, HRV analysis requires at least 5 minutes, even hours, length to guarantee its reliability [19] . Considering that a violent event can occur in just a few seconds, methods that work with ultra-short ECG signals are needed.
A promising method to analyze the ultra-short ECG signal is the Bivariate Empirical Mode Decomposition (BEMD). Agrafioti et al. [20] applied this method to 5-second ECG signals to get a set of features for emotion detection with good results. Ferdinando et al. [21] also applied it to ECG signals from the Mahnob-HCI database to get features for emotion recognition. The accuracies for valence and arousal were improved by around 12% from the baseline in [22] , which used standard HRV analysis.
Another potential method is the Recurrence Quantification Analysis (RQA) [23] . The RQA has been used in analyzing ECG for various purposes, e.g. Balogh et al. [24] uti-lized it in analyzing P-P intervals measurement in post infraction patient from ambulatory ECG, Yang [25] applied it to 38 to 104 second ECG signals from PhysioNet PhysikalischTechnische Bundesanstalt database for Myocardial infarction (MI) detection, Guo et al. [26] used it for 60 seconds ECG signals to study functional and structural changes in the pulse noninvasively. The RQA provides good information even for short non-stationary and non-linear signals [27] .
This paper seeks to address the following questions: 1) is it possible to detect violent events based on ultra-short ECG signal; 2) which method, BEMD or RQA, is more suitable to extract features for violence detection, justified based on the performance of the k-nearest neighbor (kNN) classifier on both subject-independent and subject-dependent classifier models using 10-fold cross validation and leave-one-subject-out (LOSO) validation. To our knowledge, this is the first study to investigate methods to detect violence events based on ultra-short ECG signals analysis from the victims' point of view. The finding should make an important contribution in pattern recognition research, especially related to violence detection, which can be used in violence intervention programs in schools.
Materials and Method

Data
Twelve pupils, from 2nd and 5th grade, from a primary school in Harbin, China, were involved in the violence simulation; six from each grade, three girls (ID #1 to #3) and three boys (ID #4 to #6), with no cardiovascular diseases and in healthy condition. The permission from the board of the school was acquired before the study.
ECG signals were recorded from each pupil using commercial wearable sensor able to measure ECG (250 Hz), respiration (25 Hz), and movements (using 3D accelerometer at 100 Hz) synchronously, which was secured on the chest using a strap. The strap was designed originally for adults and therefore needed some manual adjustment to make it fit for children. While placing the strap the positions of the electrodes were carefully selected, especially when the pupils were skinny. A tradeoff between comfortable use, not too tight, and good quality data acquisition, good skin-electrodes contact, was made.
The pupils from each grade separately acted or simulated violent situations in a room with mattresses on the floor to avoid injuries. A video camera was used to record the whole simulation for annotation purposes. The data acquisitions were monitored via a computer to check if electrodes lost contact to the skin.
A feeling meter was distributed to pupils at the beginning to record how they felt before the simulation started. The feeling meter contained three questions related to the level of Valence, Arousal and Dominance. To help them understand these terminologies, some related words were added with pictures from Self-Assessment Manikin (SAM).
The simulation started with five pupils angrily/loudly shouting to the other. It was followed by some physical games to simulate several possible physical violent events. Each event was repeated three times.
Further, we recorded emotional utterances of the pupils with three daily life sentences in normal and five basic discrete emotions, i.e. anger, fear, happiness, sadness, and surprise. Each emotional sentence was repeated five times. At the end of the recording, the second feeling meter was distributed to measure how they felt in the middle of the simulations.
Next, the pupils had a physical activity session to simulate violent and non-violent events. Violent events consisted of pushing, tackling, shaking (hold the victim on the shoulder and shake him/her back and forth), pushing from front, and shoulder hit (this is common physical violent when the victim walks in a corridor and gets hit by anothers shoulder from front). Non-violent events involved running, walking, playing which involved movements and jumping. The violent simulation idea was inspired by the work of Ye et al. [28] .
The final session was relaxation time to release the emotional feeling during the activities. The pupils were asked to lay down on the mattress and listen to peaceful musics. At the end of the relaxation, they filled the last feeling meter to see if the relaxation restored their emotions. The whole simulation took around 1.5 hours for each grade. Fig. 1 presents the block diagram used in this study. Based on the visual inspection, data from three pupils were discarded because the signals were corrupted due skin-electrodes contact problem, such that it was impossible to recognize PQRST, especially R, waves in ECG. Next, ECG and 3D acceleration signals were segmented according to violent and nonviolent events based on the video recording, such that ECG signal length was six seconds in each case. Motion artifacts were present because the pupils were free to move as in normal daily activities. To remove motion artifacts, an algorithm called Stationary Wavelet Motion Artifact Reduction (SWMAR) [29] was used. It uses the signal from 3D accelerometer to detect the motion and estimate motion artifact signals. The estimated motion artifacts are then subtracted from ECG signals.
ECG Preprocessing
Features from the Bivariate Empirical Mode Decomposition
Feature extraction using BEMD was based on [21] and it resulted in 5-6 intrinsic mode functions (IMFs) for each ECG signal. Six dominant frequencies (DFs) were estimated from the first three IMFs [21] using spectrogram analysis with window size (50, 100, 150, and 200 samples) and overlap (10-90% with 10% steps) parameters. The larger the window size, the better the frequency resolution but the poorer the time localization. The larger the overlap, the more details the spectrogram analysis. Both parameters were chosen by experimentation. Features are the statistical distribution (mean, standard deviation, median, Q1, Q3, IQR, skewness, kurtosis, percentile 2.5, percentile 10, percentile 90, percentile 97.5, maximum, and minimum) of DFs and their first difference. We applied sequential forward floating search to get sets of features which offer good performance for each parameter combination.
Features from the Recurrence Quantification Analysis
Parameters for RQA analysis are dimension (M) and time-delay (Delta). The calculation was based on the implementation by Ouyang et al. [23] . Features are Recurrence Rate (RR), Determinism (DET), Entropy (ENTR), and Averaged diagonal line (L). During experiments using RQA it was found that the dimension parameter could not be larger than ten in order not to degrade the performance. The time-delay parameter, however, had a small effect and the search was limited from 5 to 25 samples with 5 steps. Although the number of features using RQA is only four, we also applied sequential forward floating search procedure to get sets of features which offer good performance for each parameter combination.
Classifier and Validation Methods
The k-nearest neighbor (kNN) classifier was chosen for the 2-class problem as it is computationally light to be run in a smartphone as the ultimate goal of our project. We validated the classifiers with a subject-dependent and subject-independent approaches. The subjectdependent classifier was built for each grade and validated using 10-fold cross validation. For 10-fold cross validation, 20% of the data was held out for validation while the remaining data was used to design and test the classifier. The experiments were repeated for 100 times with new resampling each time and average of the performance is reported. For the subject-independent classifier, we excluded all samples from certain subject for testing while building the model using the remaining samples. This process was repeated for all subjects and the reported accuracy is the average over all subjects accuracy. We called this validation as leave-one-subject-out (LOSO).
Last, we optimized the classifier for each subject as a subject-specific classifier and validated the result with 10-fold cross validation. Here, we developed a model with specific parameter combination for each subject and evaluated the performance. Reported accuracy is the average over all subjects accuracy. All methods were implemented and tested in Matlab TM . Figure 2 (top) shows an example where ECG signal suffers from motion artifacts. Applying original SWMAR did not completely remove this artifact, see Fig. 2 (middle) . The original SWMAR algorithm was developed to remove motion artifact from equine ECG measured from horses in the stall [29] . This condition was completely different from the measurement in this study where the subjects were free to move. Per Fig. 2 (middle) , the visibility of Rwave was good but baseline wandering signal was clearly still visible. We slightly modified the algorithm by adding a simple moving average filter (N=30) to detect and remove the baseline wandering, see Fig. 2 (bottom) , and call it as mSWMAR or modified SWMAR. The original signal was six seconds or 1500 samples but after applying mSWMAR, it was cut to the first 1280 sample or 5.12 seconds due to certain parameters in the original SWMAR algorithm. Tables 1 and 2 show the accuracies of subject-dependent classifier for 2nd and 5th graders respectively based on 10-fold cross validation on various window size (50, 100, 150, and 200 samples) and overlap (10-90%) parameters in spectrogram analysis.
Experiments
Motion Artifact Removal
Features from the Bivariate Empirical Mode Decomposition
All accuracies were significantly above the chance level, i.e. 50%. Due to small differences, it was difficult to pick up the best parameter combination. We used the Law of Large Numbers (LLN) to get the approximated true accuracies of the system, see Table 3 . Here, the number of repetitions was increased from 100 to 1000 with new resampling each time and average of the performance was reported. The average accuracies according to LLN were quite good for the 2-class problem. Results from both grades were close to each other and achieved at different parameter combinations. In addition, the selected features for each experiment were also different from each other. These facts indicated that certain parameter combinations and selected features could not be generalized. The false negative rates were high, i.e. 14% and 11% for 2nd and 5th grade respectively. Having a large false negative rate meant that the system misclassified many violent events as non-violent events, mostly contributed by push from front and physical game simulated as violence for 2nd and 5th grades respectively. False alarm rate was represented by false positives, contributed by walking and relaxing for 2nd and 5th grades respectively. It was surprising that the classifier misclassified relaxing as violence event.
It looked like the pupils were not relaxed enough after the simulation. A delay time is required to get ECG recorded in relaxing state. These facts revealed important note that some activities might not really affect as planned. It is also possible that the proposed feature extraction method was not sufficient to discriminate all violence and non-violence events. Table 4 summarizes experiment using subject-independent classifier based on LOSO validation after finding the optimum combination of window size and overlap parameters. Larger standard deviations were expected since the model was not trained with as complete data as in 10-fold cross validation. False negative rates for LOSO validation were higher too, which contributed mostly from signal measured during some physical games simulated as violence for both grades. For false positives, the biggest contributors were walking and relaxing, like with the other validation method. Again, this validation also revealed that the activities during simulation must be re-designed to get more appropriate signals or use other feature extraction methods.
We finally evaluated the performance of the classifier by optimizing it for each subject. We searched for the best parameter combination and selected features for each subject and achieved the accuracy of 100% for each subject based on 10-fold cross validation. Table  5 presents the parameter combinations for the best results in subject-specific classifier. It was apparent that large window size and overlap give good performance. However, the selected features from each subject are different. This observation suggests that although the accuracy is very good, the solution has high performance only for subject-specific cases while subject-independent cases will suffer from reduced performance level due to a common feature set. Getting 100% accuracy from subject-specific classifier but lower accuracy for subjectindependent one indicated that the variability among the samples for the whole experiments was higher than among the samples within each subject. From the video recording, it was found that the perpetrator was always the same for the victim such that the data had small variation because the same person will give the same power in physical activities related to violence
Features from Recurrence Quantification Analysis
The experiments with features from RQA were similar to the ones from BEMD by searching which combination of dimensionality (M) and delay (Delta) yielded the best results. Tables 6 and 7 display the accuracies of subject-dependent classifier for 2nd and 5th graders respectively based on 10-fold cross validation for each dimensionality (2 to 10) and delay (5 to 25 samples).
Summaries of the experiments in Table 8 and 9 showed that false negative rates were high for both grades. Mostly, they were contributed by physical games simulated as violence for both 2nd and 5th grades respectively. On the other hand, misclassifying ordinary games to violence event contributed the most to false positives. These facts strengthened the argument above that some activities must be redesigned to achieve the goal of the study or applying different methods for feature extraction. Table 10 presents the accuracy for subject-specific classifier experiment based on feature from RQA. These results showed similar conditions as occurred in Table 5 with the same variability issue as discussed at the end of section 3.2. The overall performance is 91.8 ± 6.8%. If we compare Table 10 to Table 5 , it was apparent that most BEMD-based features achieved high accuracy, indicating its superiority over the other method. 74.1 ± 6.4 68.9 ± 6.6 71.9 ± 6.7 69.6 ± 7.0 73.9 ± 6.3 4 69.5 ± 6.4 66.5 ± 7.8 72.6 ± 6.5 72.5 ± 6.7 77.2 ± 6.2 5
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Conclusions
A method to detect violence was developed for ultra-short ECG signals with BEMD and RQA based feature sets. Tests showed that the subject-specific classifier achieved excellent results in our data but it raised practicality issue as the system needed to find the optimum combination of window size and overlap in spectrogram analysis and selected appropriate features for each subject. Both subject-dependent and subject-independent classifiers produced only satisfactory results as the false negative rate was relatively high, meaning that the classifiers misclassified many violent events as non-violent ones. Above all, these facts indicate that the violence events can be detected using ultra-short ECG signal with appropriate signal analysis. Using kNN classifier, the BEMD-based method provided superior performance to RQA, i.e. 88% vs. 73% (2nd grade pupils) and 87% vs. 81% (5th grade pupils) using 10-fold cross validation and 77% vs. 75% (2nd grade pupils) and 80% vs. 76% (5th grade pupils) using LOSO validation. However, BEMD-based method requires longer calculation time than RQA which could be an issue when running the application on a smartphone with limited resource compare to PC.
Removing motion artifacts due to free movement of the children as in normal daily lives is very important during preprocessing of the signals. The modified Stationary Wavelet Motion Artifact Removal (mSWMAR), based on 3D acceleration signals, offered high performance in our data.
This preliminary study also shows that ultra-short ECG signals can be analyzed using BEMD and RQA methods in violence detection applications. More experimental studies involving larger numbers of ultra-short ECG signals are required to make stronger conclusions about achievable performance.
Considering false negative and false positive rates, this study found that some activities during the simulation seemed not represent violence and non-violence events at sufficient accuracy. As a consequence, the proposed feature extraction method was not able to extract sufficient information to classify all related events correctly. From this observation we conclude that redesigning the simulation to include more realistic activities is very important A number of limitations need to be considered. Firstly, the small sample size of this study does not warrant generalization but larger data sets must be tested. Secondly, the variability of the samples within each subject is low such that the accuracy of subjectdependent model must be interpreted under this condition. To avoid this problem, it is recommended to randomize the perpetrator-victim pair to add variabilities to the data but the simulations require longer time. To add the number of pupils involved in the violence simulation is highly recommended. Thirdly, the experiments should be performed with subjects from different cultural backgrounds as it may affect how they perceive violent events. Fourthly, the ECG samples used in this study were recorded from either violent or non-violent events, not mixed events.
Both proposed feature extraction methods failed to offer general or universal features for violence detection. Other feature extraction methods able to analyze less than 6 second ECG signals are required. Another option is to improve the quality of the current features with supervised dimensionality reduction [30] . Other future works include reducing false negative rates, new data collection after redesigning the whole simulation procedure with more variability among the samples and employing more pupils involved in the simulation, data collection from other cultural backgrounds, and developing a real-life system which tracks violent events from continuous ECG signal.
